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Quantitative characterization of surgical movements can improve the quality of patient care by informing the development of new
training protocols for surgeons, and the design and control of surgical robots. Here, we present a novel characterization of open and
teleoperated suturing movements that is based on principles from computational motor control. We focus on the extensively-studied
relationship between the speed of movement and its geometry. In three-dimensional movements, this relationship is defined by
the one-sixth power law that relates between the speed, the curvature, and the torsion of movement trajectories. We fitted the
parameters of the one-sixth power law to suturing movements of participants with different levels of surgical experience in open
(using sensorized forceps) and teleoperated (using the da Vinci Research Kit / da Vinci Surgical System) conditions from two
different datasets. We found that teleoperation significantly affected the parameters of the power law, and that there were large
differences between different stages of movement. These results open a new avenue for studying the effect of teleoperation on the
spatiotemporal characteristics of the movements of surgeons, and lay the foundation for the development of new algorithms for
automatic segmentation of surgical tasks.
Keywords: Robot-assisted surgery; Computational motor control; Physical human-robot interaction, Teleoperation, One-sixth power
law.
1. Introduction
Surgery is a complex motor task that requires planning
and execution of accurate movements, and typically, sur-
geons need many years of training and many cases to master
surgery [1, 2]. Computational motor control studies aim to
develop computational models that explain how the brain
controls the movements of our body, adapts, and learns
[3–8]. These models quantify various regularities in human
motion. For example, planar point-to-point movements are
characterized by straight paths [9] and bell-shaped velocity
profiles [10], and planar curved movements are character-
ized by the two-thirds power law that relates the speed
of motion to its geometry [11]. In three-dimensional move-
ments, this spatiotemporal relationship is defined by the
one-sixth power law that relates between the speed, the
curvature, and the torsion of movement trajectories [12,13].
In this paper, we employ the one-sixth power law to quan-
titatively characterize surgical movements.
Today, a variety of devices are available that can fa-
cilitate motion tracking in surgery, such as external track-
ing systems [14, 15], virtual reality simulators [16, 17], and
robot-assisted surgery systems [18, 19]. Therefore, models
and theories of computational motor control can be com-
bined with data for understanding how surgeons control
the movements of their hands and instruments [20]. Such
understanding may help to develop effective training proto-
cols for new surgeons, to improve the design and control of
teleoperated surgical robots, and even serve as inspiration
for the development of autonomous or semi-autonomous
surgical systems.
It is known that the skill of a surgeon influences the
outcome of surgical procedures [21]. Therefore, great efforts
are invested in improving the acquisition and evaluation
of surgical skill. Today, surgical skill assessment is mostly
subjective, and it is done by surgeons who observe and rate
other surgeons using global rating scales such as GOALS
and OSATS [22, 23]. The disadvantages of such subjective
assessment are high variability between different observers,
and the lack of information available to the observers. Thus,
it is important to develop objective metrics for surgical skill
that will describe surgical performance in many details. Ex-
amples of such objective measures that are used today are
task completion time [24–26] and path length [27–29]. How-
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ever, these metrics are not sufficient for an accurate skill
assessment. Other recent metrics are based on movement
smoothness [30,31], energy [32,33], contact forces and robot
arm acceleration [34], and others. We suggest that quanti-
fying the spatiotemporal characteristics of movements may
be useful in the development of new objective metrics for
surgical skill.
Quantitative characterization of surgical movements
may also contribute to the design of surgical robots.
In teleoperated robot-assisted minimally-invasive surgery
(RAMIS), surgeons use robotic manipulators to control
the movements of instruments that are inserted into the
body of the patient via small incisions [35]. Teleoperated
robot-assisted surgery offers many advantages over open
surgery [36, 37]. However, it also has drawbacks, such as
the absence of touch information [38], and the effects of
the dynamics of the robot on the movement of the sur-
geon [39, 40]. As a first step towards improving the design
of surgical robots, and making RAMIS teleoperation more
natural, it is important to quantify how teleoperation af-
fects the performance of surgical tasks compared to open
surgery. Therefore, in this paper, we investigate how teleop-
eration affects the spatiotemporal characteristics of move-
ments.
Segmentation of complex surgical tasks can also bene-
fit from motor control models and theories. It is very easy to
record surgical simulation or RAMIS data for analysis, but
the resulting datasets are very long, and therefore, may be
difficult to parse. To analyze surgical movement data effec-
tively, it is necessary to divide the complex surgical move-
ments into simpler segments. Thus, developing algorithms
for automatic segmentation of surgical tasks can contribute
to surgical skill assessment [41] and other related fields. Pre-
vious studies used various machine learning algorithms for
surgical task segmentation [42–45]. Segmentation of com-
plex movements into smaller segments was also studied in
human motor control [46]. We suggest that a similar ap-
proach may be also useful for the segmentation of complex
surgical tasks. Such segmentation will highlight segments
that are distinct in terms of their movement coordination
rather than contextual information.
With these three important applications in mind, in
this study, we analyzed teleoperated and open suturing
movements of participants with different levels of surgical
experience. We used two different datasets that focused on
different aspects of surgical suturing. The first dataset was
collected during teleoperated (using the da Vinci Research
kit – dVRK [19]) and open suturing movements [47]. The
second dataset is teleoperated suturing movements (using
the da Vinci Surgical System – dVSS [18], Intuitive Sur-
gical, Inc., Sunnyvale, CA) from the JHU-ISI Gesture and
Skill Assessment Working Set (JIGSAWS) [48] – a surgical
activity dataset for human motion modeling. We used the
one-sixth power law to investigate how expertise level, tele-
operation (open suturing compared to robot-assisted sutur-
ing), and movement segment (within the suturing task), af-
fect the coordination between movement speed, curvature,
and torsion.
2. One-Sixth Power Law
The relationship between the speed of movement and its ge-
ometry was studied extensively. The two-third power law
describes an inverse relationship between speed and curva-
ture in planar drawing movements, and it is often stipulated
as follows [11]:
v = ακ−
1
3 , (1)
where v is the movement speed, α is a constant, called the
speed gain factor, and κ is the curvature of the path, which
measures the local deviation from straightness [12]. Note
that the origin of this power law’s name is another form of
the same relation, using the angular speed ω (ω = ακ2/3).
Movement in accordance with the two-third power law
is equivalent to motion at constant planar affine speed
[49,50]. Many studies documented the existence of the two-
third power law in a variety of movements, including draw-
ing movements [51], eye movements [52] , human locomotor
trajectories [53], and even imagined trajectories [54]. How-
ever, it was found that this power law does not adequately
describe three dimensional movements [55]. Instead, using
a generalization of motion at constant affine speed from
two to three dimensions, a three dimensional power law was
proposed – the one-sixth power law [12,13]. This power law
describes the relation between the speed of the movement,
its curvature, and its torsion [12]:
v = ακ−
1
3 |τ |− 16 , (2)
where α is constant and called the speed gain factor, κ
is the curvature, and τ is the torsion of the path, which
measures the local deviation from planarity [12].
One approach to investigate the relationship between
speed, curvature, and torsion is to use regression for fitting
the exponents of the power law together with the speed
gain factor, i.e.:
v = ακβ |τ |γ . (3)
A study that used this approach in the analysis of shape
tracing found that the means of the values of the exponents
β and γ were different between the different shapes [13]. We
adopted this approach, and employed this analysis to study
the relationship between speed, curvature, and torsion in
suturing movements. We assumed that the values of the
exponents will be similar to the exponents of the one-sixth
power law. In addition, we expected that expertise level,
teleoperation condition, and movement segment will affect
the values of the power law parameters.
The first effect that we examined is expertise level.
Previous studies used the speed gain factor α from the two-
third power law to predict surgical skill [56]. In addition,
for drawing movements, it was previously found that the
exponent of the two-third power law depends on age. For
children, the exponent differs from –1/3, and it converges to
the typical adult value with age [51]. However, it is not clear
whether this change in the exponent is caused by the differ-
ence between the motor systems of children and adults, or
by the learning of new motor tasks. In our study, some of
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the participants have no surgical experience, and therefore,
the suturing task is completely novel to them. In contrast,
some of the participants are experienced surgeons who are
already familiar with the task. Therefore, we hypothesized
that the parameters of the one-sixth power law in sutur-
ing movements may reveal differences between participants
with different levels of surgical expertise.
The second effect we investigated is teleoperation. The
dynamics of the surgical manipulators and the teleopera-
tion controllers impose challenges and constraints on the
motor control system of the surgeon; these factors affect
user movements [39,40]. In addition, a recent study showed
that the exponent of the two-thirds power law (Eq. 1) in
water is significantly different than in air [57], suggesting
that dynamic constrains affect the relationship between the
speed and curvature in planar movements. Based on this re-
sult, we assumed that the teleoperation-induced constraints
would be reflected as differences in the parameters of the
one-sixth power law between the teleoperated and the open
condition.
The last effect that we investigated is differences be-
tween different movement segments. Studies showed that
movements in different shapes resulted in different values
of exponents [13, 58]. Based on these results, we hypoth-
esized that different segments of the suturing movement
will produce different values of exponents when fitting the
data to the power law model. In addition, previous studies
showed that the speed gain factor of the two-third power
law varies between different segments of movement, and
may also help in movement segmentation. For example,
this approach was used for segmentation of the complex
movements in sign language [59], and for segmentation of
surgical tasks [60,61]. Therefore, we expected that the val-
ues of the speed gain factor of the one-sixth power law may
also be used for segmentation of the suturing movements.
3. Methods
In this study, we analyzed two datasets. The first dataset,
called here dVRK-Open, is data that was collected in a
previous study during teleoperated (using the da Vinci Re-
search kit – dVRK [19]) and open suturing movements [47].
The second dataset, called JIGSAWS, is teleoperated su-
turing movements (using the da Vinci Surgical System –
dVSS [18], Intuitive Surgical, Inc., Sunnyvale, CA) from
the JHU-ISI Gesture and Skill Assessment Working Set [48]
– a surgical activity dataset for human motion modeling.
In the following subsections, we first describe each dataset
with its corresponding data analysis (subsections 3.1 and
3.2), then we describe the fitting of the one-sixth power
law (subsection 3.3), and we finish with a summary of the
statistical analysis (subsection 3.4).
3.1. Dataset 1: dVRK-Open
Full details of the experimental setup and procedures for
this dataset are reported in [47], but for completeness, we
present the most important information below.
3.1.1. da Vinci Research Kit Setup
The dVRK’s setup that was used during the experiment
consisted of a pair of Master Tool Manipulators (MTMs),
a pair of Patient Side Manipulators (PSMs), four manipu-
lator interface boards, a high resolution stereo viewer, and
a foot-pedal tray. Two large needle-drivers were used as
PSM instruments. All the components were mounted on a
custom-designed extruded aluminum structure. The elec-
tronics and firmware of the interface boards were based on
a custom IEEE-1394 FPGA board and quad linear ampli-
fier [19]. The MTM and PSM electronics were all connected
via firewire connectors to a single computer with an Intel
Core i7 4960X processor.
The participants watched a 3D view of the task scene.
The visual scene acquired using a pair of Flea 3 cameras
(Point Grey, Richmond, BC) with 16 mm f1.8 compact in-
strumentation lenses (Edmund Optics, Barrigngton, NJ)
that was mounted on a custom designed fixture. The posi-
tion and orientation of the camera were manually adjusted
to achieve the best view of the task board.
The control of the dVRK was based on position ex-
change with PD controllers. The joint angles were used to
calculate the Cartesian positions and the orientations of the
MTM and PSM tooltips via forward kinematics. The ve-
locities were calculated using numerical differentiation and
filtering with a 2nd order Butterworth low-pass filter with
a 20 Hz cutoff. To control the PSM, the position and veloc-
ity of the MTM were down-scaled by factor of 3 to mimic
the ’fine’ movement scaling mode of the clinical da Vinci
system. The orientation was not scaled. Similarly to the
clinical da Vinci, there was no force feedback, and there
was a small torque feedback on the orientation degrees of
freedom to help users avoid large misalignment in tool ori-
entation between PSM and MTM as a result of joint limits
or singular configurations.
3.1.2. Experimental Procedures
Sixteen participants took part in the experiment that was
approved by the Stanford University Institutional Review
Board, after giving informed consent. The participants were
six experienced surgeons (five urologists with more than 120
robotic cases, and one general surgeon with more than 150
robotic cases, self reported), and ten non-medical partic-
ipants (engineering graduate students). One non-medical
participant had extensive experience with the experimen-
tal setup, and therefore, was removed from the analysis. In
addition, during the experiment of one of the experienced
participants, there were problems with the data recording,
and this participant was also removed from the analysis.
The participants performed teleoperated and open uni-
manual suturing. The order of the two sessions (teleoper-
ated and open) was balanced across participants. In the
teleoperated session, the participants performed the task
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using the dVRK. They sat in front of the master console,
and the task-board was mounted on the patient-side ta-
ble such that its position was fixed relative to the cameras
(Fig. 1(a)). Prior to each experiment, the master console
ergonomics was adjusted so that the posture of the partic-
ipant was comfortable.
In the open session, the participants used a standard
surgical needle-driver. To provide similar context to the
teleoperated session, the participants also sat in front of
the dVRK. A similar task-board was mounted on the arm-
rest of the dVRK (Fig. 1(b)). Two magnetic pose trackers
(trakSTAR, Ascension Technology Corporation, Shelburne,
VT) were mounted on the shafts of the needle-driver, and
their positions were recorded. To prevent signal distortion,
the tracker was separated from the metal body of the driver
by 2 cm.
The participants watched an introduction video before
each session (teleoperated or open). The video contained
explanations about bimanual needle handling technique,
unimanual suturing, and acceptable correction movements.
The task board consisted of four marks (Fig. 2(a.III)):
start (s), insertion (i), exit (e), and finish (f ). The trial
started with a bimanual adjustment of the needle in the
right needle-driver in a configuration that is appropriate
for driving the needle via the tissue. This adjustment was
performed using the right and left needle-drivers in the tele-
operated condition, and the needle-driver and the fingers
of the left hand in the open condition. Then, participants
placed the tip of the needle at start target (s), and in the
teleoperated condition, pressed the left foot-paddle to indi-
cate the beginning of the task sequence. In the open con-
dition, they pressed the left button of a computer mouse
that was placed near the left hand of the participant on the
armrest instead of the foot paddle.
A single suturing trial included four segments
(Fig. 2(a)): (I) transport – reaching with the head of the
needle from s to i, (II) insertion – driving the needle
through the artificial tissue until its tip exits at e, (III)
catching – opening the gripper and catching the tip of the
needle, and (IV) extraction – pulling the needle and reach-
ing to f with its tail. The trial ended when the tail of the
needle was placed at the end target, and left foot-paddle
or mouse-button were pressed to indicate trial end. In each
session (teleoperated and open) the participants performed
80 trials, with breaks every 10 trials.
During the experiment, some of the trials were not
performed according the instructions, and some were not
recorded properly. These trials were removed from the anal-
ysis. Among teleoperated sessions, 27 out of the 1120 trials
of all the participants were removed, and in the open ses-
sions, 51 out of the 1120 trials of all the participants were
removed.
3.1.3. Preprocessing
In this study, we analyzed the Cartesian position of the
needle-driver. In the teleoperated session, we used the
(b)(a)
Fig. 1. dVRK-Open experimental setups in the teleoperated
and open suturing. (a) The task board and the instruments on
the patient-side table in the teleoperated session. (b) A surgical
needle-driver with magnetic trackers in the open session.
position of the right PSM, which was recorded at 2 kHz.
In the open session, the positions of the two magnetic pose
trackers were recorded at 120 Hz. We calculated the po-
sition of the driver’s endpoint using a calibration dataset.
Later, we interpolated and down-sampled all the positions
data (from both sessions) to 100 Hz using piecewise cubic
Hermite interpolating polynomial (PCHIP).
3.1.4. Segmentation
We built a segmentation algorithm that divided the move-
ment into its four stages (transport, insertion, catching and
extraction). The algorithm was based on the movement’s
trajectory and the opening angle of the needle-driver, full
details of the segmentation process are reported in [62].
Note that this segmentation algorithm was not based on
the one-sixth power law. The third and the last segments
were highly affected by whether the participants followed
the instructions. They had substantial strategical variabil-
ity, and therefore, our segmentation algorithm could not
separate these two segments sufficiently. Hence, we focused
only on the first and second segments.
3.2. Dataset 2: JIGSAWS
In the second part of our study, we used the JHU-ISI Ges-
ture and Skill Assessment Working Set (JIGSAWS) [48].
This dataset was collected using the da Vinci Surgical Sys-
tem (dVSS), and consists of kinematic and video recordings
of elementary surgical tasks on a bench-top model. In this
study, we used the kinematic data that was recorded during
the suturing task. These data include recordings from eight
surgeons with different robotic surgical experience (four
surgeons with less than 10 hours, two surgeons with 10–
100 hours, and two surgeons with more than 100 hours,
self reported).
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Fig. 2. dVRK-Open dataset task segments. (a) The task board
and task segments: (I) transport, (II) insertion, (III) catching,
(IV) extraction. (b) An example of the path of the right instru-
ment. The numbers and the different colors indicate the four
segments of the task.
In each trial of the suturing task, the surgeon piked
up a needle, reached the incision mark and passed the nee-
dle via the mock tissue between two marked targets. After
the needle pass, the surgeon used the left tool to extract
the needle from the tissue, and passed it to the right tool.
Then, The surgeon repeated the needle pass three more
times. While performing the task, the surgeon was not al-
lowed to move the camera or apply the clutch. Each surgeon
repeat the suturing task five times. The JIGSAWS includes
39 trials of the suturing task. In our analysis we used the
Cartesian position of the PSMs that was recorded at 30 Hz.
3.2.1. Segmentation
The JIGSAWS includes a manual segmentation of each
movement into surgical gestures [48]. This segmentation
was done by an individual that watched the video and in
consultation with a surgeon. We used this segmentation in
our analysis. In this paper, we will refer to each surgical
gesture as a segment. In the suturing task, there were ten
segments. However, some of the segments were not observed
in all the trials, and some of the segments included move-
ment of both tools (right and left). Therefore, we chose
to analyze only four segments (Fig. 3): (G2) positioning –
positioning needle, (G3) pushing – pushing needle through
tissue, (G6) pulling – pulling the suture with left hand, and
(G4) transferring – transferring needle from left to right.
3.2.2. Surgical Skill Annotation
The JIGSAWS dataset also includes a manual annotation of
surgical technical skill [48]. Each trial in the JIGSAWS has
a global rating score (GRS) that was assigned by an experi-
enced surgeon who watched the videos. To assign the GRS,
the surgeon used a modified objective structured assess-
ments of technical skills (OSATS) method [23]. The GRS
(G2)
positioning
(G3)
pushing
(G4)
transferringpulling
(G6)
(a)
G2
positioning
G3
pushing
G6
pulling
G4
transferring
(b)
Fig. 3. JIGSAWS dataset task segments [48]. (a) The task
workspace and an example of the task segments: (G2) posi-
tioning, (G3) pushing, (G6) pulling, (G4) transferring. (b) An
example of the path of the instruments from one suturing. The
numbers and the different colors indicate the four segments of
the task.
ranges from 5 (low technical skill) to 30 (high technical
skill). For more information on the components of the GRS,
see [48].
3.3. Fitting the one-sixth power law
In this subsection, we will describe the procedure of ex-
tracting the parameters of the one-sixth power law from
the data. First, We filtered the position data offline at
6 Hz with a 2nd order zero lag Butterworth filter (Mat-
lab’s filtfilt()). Then, we used the filtered position
x(t) = [x(t), y(t), z(t)]T to calculate the first, second, and
third time derivatives of the position (x˙(t), x¨(t), and
...
x(t),
respectively) using numerical differentiation. We filtered
each derivative before calculating the next order derivative.
For the derivatives, we used a 2nd order zero lag low-pass
Butterworth filter with a cutoff at 10 Hz.
To fit the speed gain factor α and the exponents β
and γ, we first calculated the curvature κ and the torsion
τ for each sampling point. The curvature of the path was
calculated as in [55]:
κ(t) =
√
||x˙(t)||2||x¨(t)||2 − (x˙(t)T x¨(t))2
||x˙(t)||6 , (4)
and the torsion was calculated as in [13]:
τ(t) =
|x˙(t), x¨(t), ...x(t)|
||x˙(t)× x¨(t)||2 , (5)
where |u,v,w| denotes the scalar triple product of three
vectors u,v,w: |u,v,w| = u • (v × w), the operator •
denotes a dot product, and the operator × denotes cross
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product. We then took the log of both sides of Eq. (3) to
get:
log v = log (α) + β log (κ) + γ log (|τ |) (6)
Then, for each segment in each trial, using the v, κ, and
τ that were calculated from the sampled data, we fitted a
linear regression model to find the values of the three pa-
rameters: the logarithm of the speed gain factor (log (α)),
and the exponents β and γ.
In some of the movements, there were small parts in
which the movement was planar. In these parts, it is not
possible to fit the one-sixth power law. To deal with this
problem we used only sampling points in which the absolute
value of the torsion was higher than 2 m−1, this threshold
was used in [13]. In total, 0.3% of the sampling points were
below the threshold.
3.4. Statistical Analysis
Each of the datasets was collected using different experi-
mental procedures, and each had its own conditions and
features. For example, only the dVRK-Open had an open
condition, and only the JIGSAWS had GRS evaluation.
Therefore, for each dataset, we performed a different anal-
ysis, and therefore, we describe the different statistical anal-
yses separately for each dataset.
The statistical tests were performed using the Matlab
Statistics Toolbox. In all the tests, statistical significance
was determined at the 0.05 threshold. We used the Lilliefors
test for the assumption of normality. Where needed, we
used Mauchly’s test for the assumption of sphericity, and
none of our models violated sphericity. We used the Bon-
ferroni correction for post-hoc comparisons, the Bonfferoni-
corrected p values are denoted as pB .
3.4.1. dVRK-Open
We wanted to evaluate how expertise, teleoperation, and
movement segment affect each of the power law parame-
ters (α,β,γ). For each of these parameters, separately for
each participant, segment, and teleoperation condition, we
calculated the average value over the entire 80 trials. Our
experimental design was mixed – each participant belonged
only to one expertise group (experienced surgeon or non-
medical user), but performed all the segments in both con-
ditions. Therefore, we fitted a 3-way mixed-model ANOVA
with the average value across trials of the parameter as
the dependent variable. The independent variables were:
expertise (experienced surgeon/non-medical user, between
participants), teleoperation condition (teleoperated/open,
within participants), segment (I. transport/II. insertion,
within participants), and their first and second order in-
teractions.
3.4.2. JIGSAWS
For this dataset, we performed several statistical analyses.
We first tested whether there is a correlation between the
parameters of the power law (α,β,γ) and surgical expertise,
as measured by the global rating score (GRS). To examine
the existence of such correlation, we used regression anal-
ysis. Each participant performed five trials that consisted
of several suturing movements, and hence, each trial had
several repetitions of the different segments. We first cal-
culated the average values of the parameter for the four
segments in the trial. Then, using the average values of the
four segments, we calculated one average value for each of
the five trials. Then, we fitted regression models to this
average as a function of the trial’s GRS.
When fitting such regression models, two questions can
be answered: the first one is whether there is a global effect
of GRS on the power law parameters. This effect would be
mainly affected by the difference in expertise between the
surgeons. To answer this question, we fitted a linear regres-
sion model with the trial’s average value of the parameter
as the dependent variable and the trial’s GRS as the inde-
pendent variable. The second question, is whether within
the different trials of each surgeon, there is a finer effect of
the GRS on the power law parameters. To answer this ques-
tion, we fitted a 1-way repeated-measures regression model
with the trial’s average value of the parameter as the de-
pendent variable, and the trial’s GRS as the independent
variable. This model still fits a single slope for all the par-
ticipants, but a different intercept is fitted to the data of
each participant. We chose not to include in this analysis
an interaction term between participant and GRS because
of the limited number of data points for each participant.
We were also interested in the question how movement
segment affects the parameters of the power law. Therefore,
for each parameter (α,β,γ), we calculated the average value
across all the repetitions of each segment for each partic-
ipant. In other words, for each participant, we calculated
four values for each parameter. Then, we fitted a 1-way
repeated-measures ANOVA model with the average value
of the parameter as the dependent variable. The indepen-
dent variable was segment (G2. positioning / G3. pushing
/ G6. pulling/ G4. transferring, within participant).
4. Results
Overall, the suturing movements from both datasets are
described very well with the one-sixth power law. This is
depicted in Fig. 4 that presents data from one segment that
was analyzed in our study. Fig. 4(a) describes the speed v,
curvature κ, and torsion τ of the movement as a function
of time. This graph demonstrates the inverse relation be-
tween the speed and the curvature, and the weaker inverse
relation between the speed and the torsion. For example,
the gray dashed lines in the plot highlight the local minima
of the speed that are located in the same locations as the
local maxima of the curvature. Similar effects happen also
November 8, 2018 17:41 SharonNiskyArxiv
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(b)
(a)
Fig. 4. An example from the data. (a) The speed v, curvature
κ, and torsion τ of the movement as a function of time. (b) The
relationship between log (v), log (κ), and log (|τ |)
in the local maxima of the torsion, but they are masked
in this plot by the effect of the curvature that has a larger
power function. In addition, Fig. 4(b) illustrates the rela-
tionship between log (v), log (κ), and log (|τ |). The partici-
pant’s movement in this example is in accordance with the
power law, as evident in the homogeneous spread of the
data points around the fitted plane. This example is rep-
resentative of both datasets, and is in agreement with the
quantitative analysis that is summarized in Table 1. The
overall goodness of fit of the movements to the power law is
high (R2 > 0.82), and the average values of the curvature
exponent β and the torsion exponent γ are close to the
theoretical values. In addition, the values of β and γ for
the dVRK and the dVSS are similar, and slightly different
from the open data.
4.1. dVRK-Open
The first effect that we investigated was expertise level. We
found that the effect of expertise was statistically signifi-
cant only for the speed gain factor α – it was larger for the
experienced surgeons compared to non-medical users
Table 1. Fitting the One-Sixth Power Law for both datasets
β γ R2
Open -0.386±0.077 -0.192±0.068 0.842±0.109
(dVRK-Open)
dVRK -0.402±0.073 -0.197±0.053 0.827±0.101
(dVRK-Open)
dVSS -0.423±0.056 -0.199±0.041 0.870±0.080
(JIGSAWS)
All numerical values are mean±1 standard deviation.
(Fig. 5(a)). In addition, there was a statistically significant
interaction between expertise and teleoperation condition.
A post-hoc analysis revealed that the difference between α
values of experienced surgeons and non-medical users in the
open condition was bigger than in the teleoperated condi-
tion (t12 = 2.703, pB = 0.019, and t12 = 2.443, pB = 0.031,
respectively). These results suggest that the speed gain fac-
tor α can be useful for measuring surgical expertise level.
The second effect was teleoperation condition. We
found that the speed gain factor α and the curvature ex-
ponent β were both statistically-significantly smaller in the
teleoperated compared to the open conditions (Fig. 5(a-
b)). For the torsion exponent γ, this difference was not
statistically significant, but the interaction between teleop-
eration condition and segment was statistically significant
(Fig. 5(c)). A post-hoc analysis revealed that in segment I
(transport), the value of γ in the teleoperated condition was
significantly higher than in the open condition (t12 = 2.237,
pB = 0.045). However, in segment II (insertion) the value of
γ in the teleoperated condition was significantly lower than
in the open condition (t12 = 5.311, pB < 0.001). These re-
sults show that teleoperation affected the movements of the
user, and that the direction of this effect depends on the
segment of movement.
The last effect for this dataset was movement segment.
We found that there were statistically significant differences
between the two segments for all the three parameters – α,
β, and γ (Fig. 5(a-c)). In addition, for the speed gain fac-
tor α, there was statistically significant interaction between
segment and teleoperation condition. A post-hoc analysis
revealed that the difference between the segments in the
open condition was larger than the difference in the teleop-
erated condition (t12 = 4.346, pB < 0.001, and t12 = 2.678,
pB = 0.020, respectively). These results suggest that the
values of the power-law exponents and the speed gain fac-
tor may be used for building a segmentation algorithm for
complex surgical tasks.
4.2. JIGSAWS
To evaluate the effect of expertise on the parameters of the
power law, we performed regression analysis of the param-
eters as a function of the GRS. The results of this analysis
are depicted in Fig. 6. The data of each surgeon is denoted
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Table 2. Statistical Analysis Summary – dVRK-Open
Factor Stat α β γ
Expertise F1,12 7.435 4.141 0.022
p 0.018 0.065 0.884
Teleoperation F1,12 301.355 8.514 0.041
p <0.001 0.013 0.842
Segment F1,12 14.188 47.68 223.254
p 0.003 <0.001 <0.001
Expertise*Teleoperation F1,12 5.707 0.211 0.003
pp 0.034 0.654 0.959
Expertise*Segment F1,12 3.174 1.495 0.875
p 0.100 0.245 0.368
Teleoperation*Segment F1,12 22.228 1.879 29.028
p 0.001 0.196 <0.001
Expertise*Teleoperation F1,12 7.859 0.678 0.156
*Segment p 0.016 0.426 0.700
3-way mixed model ANOVA. Bold font indicates statistically
significant effects.
(a) (b) (c)
Fig. 5. The effects of teleoperatiom, experience, and move-
ment segment on the power law parameters in the dVRK-Open
dataset. The values of the speed gain factor α (a), the curvature
exponent β (b), and torsion exponent γ (c) of experienced sur-
geons (Exp) and Non-medical users (Non) in the teleoperated
and the open conditions for each segment. Markers are means,
error bars are 95% confidence intervals.
by a distinctive color and marker. Our first question of in-
terest focused on the global dependence of the power law
parameters on the GRS. To appreciate these effects, we
looked at all these data points together ignoring the infor-
mation about the surgeon’s identity. The summary of this
analysis is the black dashed lines and the gray 95% confi-
dence interval areas. There was no statistically significant
global effect of expertise level (as measured by the GRS)
on the parameters α and γ. However, expertise level had
Table 3. Statistical Analysis Summary – JIGSAWS
Model Stat α β γ
Expertise
Regression t37 1.459 -2.582 -0.349
p 0.153 0.014 0.729
Repeated-measures F1,30 0.201 0.067 1.662
regression p 0.658 0.798 0.207
Segment
Repeated-measures F3,21 37.284 32.603 31.230
ANOVA p <0.001 <0.001 <0.001
Bold font indicates statistically significant effects.
(a) (b) (c)
Fig. 6. The dependence of the power law parameters on the
level of expertise as evaluated with the GRS in the JIGSAWS
dataset. The values of the speed gain factor α (a), the curva-
ture exponent β (b), and torsion exponent γ (c) of each trial are
depicted as a function of expertise level (GRS). The different
colors and markers indicate the eight participants. The black
dashed lines are the linear regression lines, and the gray areas
around them are 95% confidence interval of the regression lines.
The colored lines represent the fit of the repeated-measures re-
gression model.
significant global effect on the parameter β: it decreased as
the GRS increased.
Our second question of interest was whether within
the different trials of each surgeon, there is an effect of the
GRS on the power law parameters. The summary of this
analysis is highlighted in the colored lines in Fig. 6. These
lines were fitted with a repeated-measures regression model,
which yields a single slope estimation, but each participant
has a different intercept. The results of this analysis show
that the GRS of each individual trial had no significant ef-
fect on the distribution of values of all the one-sixth power
law parameters (α, β, and γ). This together with the pre-
vious result suggests that the global dependency of β on
GRS was due to difference between the surgeons, and that
the parameter β can be useful for classification of surgical
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expertise, but not of the quality of the individual move-
ment.
Our last question was how movement segment affects
the parameters of the power law. Fig. 7 depicts the values
of the power law in the four segments of the suturing task.
A prominent observation from Fig. 7 is the big differences
between the segments. The results of repeated-measures
model ANOVA support this observation, and show that
there were statistically significant differences between the
segments for all the three parameters – α, β, and γ. These
results suggest that the values of the power law may be
useful for segmentation of complex surgical tasks.
5. Discussion
In this study, we characterized teleoperated and open su-
turing movements that was performed by participants with
different levels of surgical skill. We analyzed the relation-
ship between the speed of the suturing movements and their
geometry – path curvature and torsion – in data from two
different datasets. We found that the suturing movements
that we analyzed were in accordance with the one-sixth
power law. The fit of the power law was very good com-
pared to the typical goodness of fit in such analyses su-
porting the assertion that indeed there is a characteristic
relationship between the speed of the movements and their
path curvature and torsion. In addition, we found that ex-
pertise level, teleoperation, and movement segment affect
this relationship. In this section, we will discuss each of
these effects.
5.1. Surgical Expertise
Our results suggest that the experience of a surgeon affects
the parameters of the power law. This finding is in agree-
ment with a previous study that reported that the speed
gain factor α from a two-thirds power law can be useful for
predicting surgical skill [56]. In our analysis of the dVRK-
Open dataset, we found the speed gain factor α of expe-
rienced surgeons was larger than of non-medical users. In
contrast, in the JIGSAWS dataset, although it seems that
α increases with the GRS (expertise level), this effect was
not statistically significant. However, in the dVRK-Open
dataset, the non-medical users had no experience in any
kind of surgery, and they were all engineering students,
and the experienced surgeons were all active robotic sur-
geons who performed at least 100 robotic cases. Therefore,
even though surgical case experience does not necessarily
reflect skill level, it is still very likely that the difference
in the level of expertise between the non-medical users and
the experienced surgeons was large. In contrast, in the JIG-
SAWS dataset, all the participants had surgical experience,
and therefore, it is likely that the difference between their
expertise level was relatively small. This difference between
datasets may explain the difference in the results.
The speed gain factor α is related to overall tempo of
motion [63] (see Eq. (3)). Hence, the effect of expertise level
(a) (b) (c)
Right
hand
Right
hand
Right
hand
Left
hand
Left
hand
Left
hand
Fig. 7. The effect of movement segment on the power law pa-
rameters in the JIGSAWS dataset. The values of the speed
gain factor α (a), the curvature exponent β (b), and torsion
exponent γ (c) for each segment: G2. positioning, G3. push-
ing, G6. pulling, and G4. transferring. Markers are means, error
bars are 95% confidence intervals. *pB < 0.05, **pB < 0.01,
***pB < 0.001.
on α may be related to the well-documented differences be-
tween completion times of participants with different surgi-
cal skill levels [25,26,28]. In addition, the planar two-third
power law can be predicted by smoothness of movement
maximization [64], and hence, the relation between exper-
tise and the parameters of the power law may also be re-
lated to the smoothness of movement that is characteristic
of skilled performance [30,31].
It is important to note that fitting α together with β
and γ as we did in this study, leads to dependence of the
units of α on the fitted value of β and γ. It also leads to
sensitivity of α to the units used for calculations. Hence,
future work is needed to investigate whether a metric for
surgical expertise level that will be based on the speed gain
factor α, as we calculated it, will be successful in classifying
between expertise levels.
The value of the exponent β in JIGSAWS decreased
as the surgical skill (GRS) increased. This results suggests
that β may be used as an objective metric for surgical skill.
However, this hypothesis should be explored in depth, with
a greater number of movements and participants. For ex-
ample, even in our study here, in the dVRK-Open dataset,
the difference between β values of experienced surgeons
and non-medical users was not statistically significant, and
seems to be reversed: experienced surgeons had higher β
than the non-medical users. A possible explanation for the
discrepancy between the results of the two datasets is the
differences in ages between the participants [65]. The non-
medical users in dVRK-Open were graduate students, and
hence were much younger than the experienced surgeons.
Thus, the results in dVRK-Open dataset may be due to
the combined effect of surgical expertise and differences in
age. To isolate the origin of the discrepancies, an experi-
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ment with age-matched non-medical users and experienced
surgeons is needed.
5.2. Teleoperation
The results from the dVRK-Open dataset show that using
a robot-assisted surgery system to perform the suturing
task significantly affected the one-sixth power law parame-
ters. The difference between the speed gain factor α values
from the teleoperated and the open sessions is likely due
to the fact that we analyzed the data from the PSMs. To
control the PSM, the speed of the MTM was down-scaled
by a factor of 3. Because the speed gain factor α is re-
lated to overall tempo of motion [63], the difference in α
values between the conditions is likely a result of this down-
scaling. We hypothesized was that the dynamic constraints
in the teleoperation movements will affect the one-sixth
power law parameters. Indeed, in the dVRK-Open dataset
the curvature exponent β differed between the teleoperated
and the open conditions. In addition, the average β values
that obtained from the JIGSAWS dataset, in which all the
movements were teleoperated, and the teleoperated condi-
tion in dVRK-Open dataset were similar. These results are
consistent with the findings in [57], who suggested that dy-
namics can affect the relationship between the speed and
curvature in planar movements.
In dVRK-open, for the torsion exponent γ, the effect
of teleoperation depended on the segment. This result may
be due to the different nature of the two segments: seg-
ment I (transport) was a movement in the air, whereas
segment II (insertion) included interaction with tissue. In
segment I, the movement was not likely affected by the ab-
sence of haptic feedback in the teleoperated condition, and
thus, in segment I the difference between teleoperated and
open movements was relatively small. On the other hand,
in segment II, there was interaction with tissue, the move-
ment was probably affected by haptic feedback, and there-
fore, the difference between teleoperated and open move-
ment was greater. Further investigation of these findings is
needed to examine whether this result was indeed caused
by the haptic feedback.
Our results show that the use of surgical robot affect
the parameters of the power law. This adds to the previ-
ously reported results of effects of robotic manipulators on
movements of surgeons [39,40]. Robotic assistance systems
are developed today to help surgeons to perform and learn
surgical tasks. For example, virtual fixtures are used to help
surgeons to move the tools along specific path [66–69], or
influencing the learning processes by applying forces that
push the surgeon away from desired path or back to the de-
sired path during training [70]. In [71], researches showed
that participants applied lower force when they held an
end-effector that moved in accordance with the two-thirds
power law comparing to an end-effector that moved not
according to the power law. Their result suggests that for
easy and intuitive assistance, it may be helpful to design
shared control [72] and assistive systems in a way that is
compatible with the natural movement of humans. Using
the one-sixth power law and other invariants from com-
putational motor control may help in characterizing natu-
ral movements, and improve the design of surgical robots.
This can also be relevant to other applications of teleoper-
ation [73–75], shared control [76, 77], and devices such as
exoskeletons [78] and prostheses. Geometric invariance was
even proposed to be useful principle for robotic trajectory
generation [79,80].
5.3. Movement Segment
We found that all the power law parameters (α, β, and
γ) were affected by movement segment. These results were
obtained from both datasets. In dVRK-open, the move-
ments performed using one hand, and we investigated two
segments. In JIGSAWS, we investigated four segments–
two segments performed using the right hand, and two us-
ing the left hand. Our results showed that for each power
law parameter, the differences between segments that per-
formed using the same hand (I transport – II insertion, G2
positioning – G3 pushing, and G6 pulling – G4 transfer-
ring) were significant. These differences suggest that power
law parameters may be used for development of automatic
segmentation algorithms. In this study, we calculated the
power law parameters on segments that were already set.
Previous studies suggested that the speed gain factor α can
be used for segmentation of surgical task [60,61]. In future
studies, we will develop and examine a segmentation al-
gorithm that will divide surgical task into small segments
based on more parameters of the power law (β, and γ). We
will compare our algorithm to other algorithms for segmen-
tation of surgical tasks [42–45].
There is a similarity between the segments from
dVRK-open and JIGSAWS: I transport and G2 position-
ing, II insertion and G3 pushing. Despite these similarities,
it seems that for the parameters β and γ, the difference
between I transport and II insertion (Fig. 5) is not in the
same direction as the difference between G2 positioning
and G3 pushing (Fig. 7). However, a careful examination
suggests that the values of β and γ that obtained from
JIGSAWS, are all in a similar range as those parameters
in segment I from dVRK-Open. As noted earlier, dynamic
factors can affect the parameters of the power law [57]. The
tissues used in the experiments carried out to collect the
two datasets were different. The tissue in dVRK-Open was
made of foam, while in JIGSAWS, the tissue is made of
an elastic fabric. Pushing the needle through the foam in
dVRK-Open is very different from pushing a needle in the
air, but pushing a needle through the elastic fabric may be
more similar to pushing a needle in the air. Thus, in dVRK-
Open, the values in segment II were higher than in segment
I, and in JIGSAWS, the values in G3 were lower than in
G2, but still within the range of the values of moment in
the air. This explanation can be explored in future studies
by analyzing movements that will interact with tissues of
various properties.
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A segmentation algorithm that may be developed us-
ing the one-sixth power law parameters will highlight seg-
mentation based on motor primitives [46] rather than to
procedural segments. Such kinematic segmentation may
compliment the large body of literature on surgical task
segmentation using contextual information [42–45]. Com-
bining these approaches with the motor primitives may lead
to the development of even more successful algorithms for
the important task of surgical movement segmentation.
In computational motor control, there is a debate
whether indeed segmented kinematics reflect segmented
control strategies [63,81]. However, there is increased body
of evidence supporting segmented, or intermittent control
[4, 82–84], and movement chunking [85]. Certainly, the de-
bate about the neural origin of this segmentation does not
impede the utility of our proposed analysis in understand-
ing of surgical movements.
6. Conclusion
Our results demonstrate the potential benefit of character-
izing surgical movement with an analysis of the relation be-
tween movement speed and its geometrical properties – the
one-sixth power law. We believe that this opens a promis-
ing avenue for improving the evaluation of surgical skill,
teleoperation control design, and surgical gestures segmen-
tation.
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